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Abstract. Breast cancer is a leading cause of mortality among women in Brazil, and human
interpretation of mammograms still has limitations. This study evaluated a BI-RADS (Breast
Imaging Reporting and Data System) classification pipeline that uses the YOLO (You Only Look
Once) model for lesion segmentation and the ChatGPT language model for interpretation and
assisted diagnosis. 120 images classified with the following distribution were used to evaluate the
results: BI-RADS 3 (68 images), 4 (44 images), and 5 (images). Three approaches were given: (i)
direct Al diagnosis, (ii) a pre-trained model without preprocessing getting used in the ChatGPT; and
(iii) the same model with detailed morphological descriptions and enhancement filters (CLAHE and
Sharpen), with ChatGPT producing the classification. The overall accuracies were 30%, 42%, and
70%, respectively. The methodology improved the accuracy of the results, although it still presents
limitations in the model's ability to differentiate specific cases, or even creating a confusion in the
interpretability, indicating space for future improvements.
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1. INTRODUCTION

Breast cancer is among the most common types of cancer affecting women, accounting for 99%
of reported cases [1]. Therefore, investing in efficient diagnosis and treatment methods is essential.
Mammograms, for example, are used as computational tools that enable the tracking of anomalies.

However, analyzing this type of exam still represents a challenge, as it requires time and
resources, and is prone to errors. To mitigate these challenges, the use of diagnostic support systems
has been adopted, especially computer-aided diagnosis systems [2]. These approaches include
machine learning, which is capable of processing databases and building prediction models [3].

This work proposes the integration of two complementary resources: the YOLOvS model, used
to segment and detect suspicious regions in images, and ChatGPT, applied as an interpretive tool for
the results. ChatGPT performed better when analyzing previously segmented images, achieving
greater accuracy than when analyzing raw images [4]. With this integration, the accuracy of the
final diagnosis reached 70% when the images were pre-processed with YOLOvVS and associated
with specific filters and structured programming techniques.

2.THEORETICAL FOUNDATION

Breast cancer diagnosis is considered one of the most effective strategies for reducing female
mortality worldwide [1]. Although mammography remains the most widely adopted screening
method, manual interpretation is often limited by inter-observer variability and the time required for
accurate clinical evaluation [2]. To mitigate these issues, Computer-Aided Diagnosis (CAD)
systems have become increasingly relevant, providing decision support that enhances both detection
and triage of breast abnormalities [3].

A cornerstone of these systems is the BI-RADS (Breast Imaging Reporting and Data System)
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classification, which standardizes the assessment of suspicious lesions and ensures comparability
between diagnostic approaches. Research such as [5] has proposed end-to-end pipelines that
integrate detection and classification tasks, frequently employing curated public datasets like [6].
These efforts not only accelerate diagnostic workflows but also promote consistency across
different computational and clinical environments.

In image-based diagnosis, pre-processing methods are widely applied to enhance
mammographic visibility. For instance, CLAHE (Contrast Limited Adaptive Histogram
Equalization) improves low-contrast areas, making spiculated edges and dense cores more
apparent—features often linked to malignant tumors [7]. Additional filters such as Sharpen and
histogram equalization further emphasize anatomical contours and morphological irregularities,
thereby supporting more precise interpretation [8].

The dataset quality used in training deep learning models is another decisive factor for system
performance. As highlighted in [5, 9], databases with expert annotations and sufficient diversity are
crucial to achieving robust results. A notable example is VinDr-Mammo [9], which has become a
reference dataset for CAD research by including BI-RADS-annotated images aligned with
established clinical practices.

Based on such resources, deep learning models—particularly Convolutional Neural Networks
(CNNs)—have demonstrated strong capabilities in feature extraction and automatic classification in
medical imaging [10]. Among these, the YOLO (You Only Look Once) family has gained
recognition for its ability to perform real-time detection with competitive accuracy, even in
challenging clinical contexts [11, 12].

Evidence of this potential is seen in the work of [13], where YOLOvVS achieved 98.5%
precision, 97.7% recall for breast mass detection. The authors further introduced the
ODMV-MulDyHead-YOLO architecture, tailored to address the inherent complexity of
mammograms, including low-contrast and heterogeneous images. Similarly, [14] combined YOLO
with Vision Transformer (ViT) modules for CESM and FFDM mammograms, achieving 95.65%
overall accuracy and 95% precision, confirming its effectiveness both in localization and lesion
classification.

Parallel to advances in computer vision, Large Language Models (LLMs) have transformed the
processing of medical text. Originally designed for natural language tasks such as translation and
summarization, LLMs have found applications in clinical documentation and report generation.
ChatGPT, in particular, has shown adaptability to medical terminology and coherence in specialized
contexts [15, 16].

The release of GPT-3.5 (2022) marked an initial milestone in medical applications, while
GPT-4 (2023) further advanced performance. A systematic review of 44 studies [17] revealed
GPT-4 to be superior to GPT-3.5 in most direct comparisons, a finding reinforced by [18], who
observed significant improvements in clinical tasks such as thyroid nodule classification.

With the arrival of multimodal models such as GPT-40, the possibility of analyzing medical
images through ChatGPT became more tangible. However, these models still exhibit important
constraints. ChatGPT does not process images diagnostically by itself; instead, hybrid workflows
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are required, where computer vision models (e.g., CNNs) generate structured outputs that the LLM
then interprets [19, 20].

This dependency on textual descriptions greatly influences accuracy. Studies show that generic
prompts yield limited results, while multimodal inputs combining images with clinical metadata
significantly improve performance. According to [21, 20], such strategies reduce hallucinations,
enhance contextual grounding, and increase diagnostic reliability.

Nonetheless, some imaging tasks remain challenging. For example, [22] reported that ChatGPT
achieved 100% sensitivity in scoliosis detection from radiographs but only 43.5% precision in Cobb
angle quantification. In mammography, these limitations are even more evident: [21] found that
although ChatGPT-40 produced correct BI-RADS categories, it lacked explanatory depth compared
to proprietary CAD tools, particularly in dense breast tissue. Similarly, [23] tested ChatGPT-4V on
chest CT scans for COVID-19 and lung cancer, with results showing only 56.76% accuracy, and a
sensitivity as low as 13.64% for COVID-19 cases.

For these reasons, many authors advocate multi-stage pipelines, in which vision models first
detect suspicious regions and generate structured descriptions, which are then analyzed by ChatGPT
[19, 20]. This design leverages the strengths of both modalities and mitigates the diagnostic
shortcomings observed when using LLMs alone.

3.METHODS
3.1 Dataset

Were employed the public VinDr-Mammo dataset [9], which provides full-field digital
mammograms annotated by experts using the BI-RADS standard. For this study, 120 images were
selected with the following ground-truth distribution: BI-RADS 3 (n=68), BI-RADS 4 (n=44),
BI-RADS 5 (n=9). Data were organized into train/validation/test splits using stratification to
preserve class proportions and ensure minimal imbalance across splits.

3.2 Workflow overview
The workflow was designed as a four-stage pipeline:
1. Lesion detection on mammograms using YOLOVS5 to produce regions of interest (ROIs).

2. Baseline classification with ChatGPT directly with images without visual pre-processing or
specialized prompts.

3. Baseline classification with ChatGPT directly with images produced by YOLOvS without
visual pre-processing or specialized prompts.

4. Morphology-aware diagnosis, combining visual enhancement (image filters) with a
weighted clinical logic to yield a BI-RADS decision and rationale.
This design seeks rapid triage while improving interpretability through structured
morphological descriptions.
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STEP-BY-STEP:
AUTOMATED DIAGNOSTIC PIPELINE
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Figure 1 — Step-by-step automated diagnosis pipeline: acquisition and pre-processing (CLAHE and Sharpen), lesion
detection with YOLOVS, BI-RADS classification, and a ChatGPT-assisted diagnostic statement.

Figure 1 summarizes the proposed workflow. The mammogram is first enhanced
(CLAHE/Sharpen), and YOLOVS detects suspicious regions (ROIs). The ROIs are then classified
into BI-RADS, and ChatGPT consolidates the morphological evidence into an interpretable
diagnostic message (e.g., “suspicious mass classified as BI-RADS 4”).

3.3 Stage 1 — Detection with YOLOvS

We employed YOLOVS (Ultralytics) to localize ROIs associated with masses. Training ran with
9 epochs and the default Ultralytics hyperparameters. Performance was monitored with standard
detection metrics—Precision, Recall, F1-score. The detector’s outputs were exported as cropped
ROIs for the next stages.

3.4 Stage 2 — Baseline classification without visual treatment

The pictures here were submitted to ChatGPT to obtain a baseline BI-RADS label. Here
intentionally did not apply anything just to see what was the interpretation for ChatGPT; the goal
was to evaluate a beginning result.

3.5 Stage 3 — Baseline classification without visual treatment

Each cropped ROI was submitted to ChatGPT to obtain a baseline BI-RADS label. Only used
the Yolo model but did not apply visual pre-processing or specialized prompts here; the goal was to
establish a minimal-assumption reference for the generative model’s behavior based on concise
descriptions of the visible findings.

3.6 Stage 4 — Morphology-aware diagnosis with enhancement and weighting

To emphasize diagnostically relevant structure within ROIs, we applied a sequence of visual
enhancement steps:

o CLAHE (Contrast Limited Adaptive Histogram Equalization) for local contrast
improvement;
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e Sharpening to accentuate edges and transitions;
e Histogram equalization to improve global contrast;
e Optional brightness/contrast adjustments for challenging cases.

After enhancement, we converted visual cues into diagnostic scores via an author-defined
weighted logic across four axes:

1. Spiculated margins

2. Density asymmetry

3. Internal homogeneity

4. Geometric shape of the mass

These structured cues were summarized into a technical prompt for ChatGPT, which returned
the final BI-RADS decision and a short justification grounded in the highlighted morphology.

Original CLAHE Sharpenad

Figure 2 — Example of pre filtered pictures, produced by ChatGPT

As can be observed in Figure 2, there was a change in image quality and an improvement in
the visualization of the breast lesion.
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Figure 3: Example of how the diagnostic scores were introduced into ChatGPT.

As can be observed in Figure 3, the descriptions of breast lesion types were generated
through a voting system which, when integrated with the mammography filters, enables a
score-based decision process for the possible classification of the disease type, getting used at
ChatGPT.

3.7 Evaluation protocol

For Yolo detection, we report Precision, Recall, F1-score. For BI-RADS classification with
ChatGPT, we present overall accuracy, per-class correctness relative to the ground-truth
distribution, and comparisons across stages (Stage 2 vs. Stage 3 vs Stage 4).

4. RESULTS

The proposed pipeline was evaluated through four complementary stages, allowing the
assessment of the study from an interpretation over an isolated database at ChatGPT and then, by
YOLOV5 model in isolation in the ChatGPT giving both stages the initial BI-RADS classification
using ChatGPT, and finally the impact of image pre-processing combined with weighted
programming.

4.1 Stage 2 — Diagnostic performance isolated

As a result, when considering accuracy as the proportion of correct diagnoses per image within
the test dataset (120 images), the following outcomes were obtained for each approach in relation to
the BI-RADS categories and the overall total: in the first approach, 28% for BI-RADS 3, 34% for
BI-RADS 4, 33% for BI-RADS 5, and 30% overall accuracy.

4.2 Stage 3 — YOLOVS Performance
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The YOLOvVS model was trained for nine epochs using annotated mammographic images. The
final outcomes are summarized in Figure 4 and Table 2.
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Figure 4 — F1 x Confidence Curve of YOLOVS

The curve from Figure 4 shows that the F1-score reached a maximum value of 0.52 when the
confidence threshold was around 0.316, suggesting that the optimal configuration occurs at
intermediate confidence levels. At this point, the model achieves a better trade-off between
correctly identifying masses and reducing false positives.

The consolidated training metrics are as follows:
e Precision = 71 %: indicates moderate effectiveness in filtering false positives.
e Recall =42%: highlights limitations in detecting all anomalies.

Overall, these results show that although YOLOvS was able to detect relevant lesions, its
generalization capacity remains limited, mainly due to low recall. This reinforces the need for
complementary stages to strengthen the diagnostic pipeline.

Including for image interpretation, for the second approach we had: (47% for BI-RADS 3, 40%
for BI-RADS 4, 11% for BI-RADS 5, and 42% overall).

4.3 Stage 4 — ChatGPT Diagnosis with Visual Treatment and Weighted
Programming

The final stage represented a refined approach, integrating two main strategies:

1. Image pre-processing: the application of enhancement filters such as CLAHE, Sharpen,
histogram equalization, and brightness/contrast adjustments. These filters emphasized
morphological details such as spiculated margins, dense cores, and subtle asymmetries.

2. Weighted programming: the development of a scoring system that assigned weights to
clinically relevant morphological patterns (marginal regularity, internal homogeneity, central
intensity, and shape). These weighted features were embedded into the technical prompt
provided to ChatGPT:
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“Analyze the image treated with visual filters, considering a system of weighted
calculations and, based on this, identify patterns and establish domains for
classification. Consider: (1) spiculated margins, (2) density asymmetry, (3) internal
uniformity, and (4) mass shape. Based on these criteria, classify as BI-RADS 3, 4, or
5”7

This refined strategy, achieved for the third approach (69% for BI-RADS 3, 70% for BI-RADS
4, 55% for BI-RADS 5, and 70% overall). The significant improvement compared to Stage 2
highlights that visual enhancement combined with weighted programming was decisive in
improving the clinical reliability of the pipeline.

5. CONCLUSION

In summary, the results demonstrate that the third approach achieved the best overall
performance, clearly outperforming the first and second methods. The initial approach—based
solely on direct diagnosis without image processing—proved useful in simpler contexts but
showed lower accuracy and consistency, particularly struggling to distinguish between
intermediate categories (BI-RADS 3 and 4) and failing in several BI-RADS 5 cases. The second
approach improved performance for BI-RADS 3 and 4 but underperformed for BI-RADS 5
compared to the first. By contrast, the third approach, which integrated morphological
segmentation with visual filters and weighted analysis, produced the most reliable outcomes,
confirming the viability of automated classification in mammography. These findings highlight the
importance of accurate segmentation, the use of quantitative criteria to reduce diagnostic
subjectivity, and the value of morphological filters in providing richer detail for clinical
interpretation.
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